Identifying which orthologs share functions from sequence alone can be challenging, notably in case of paralogous genes families. We hypothesised that co-expression network will help predict functional orthologs amongst complex homologous gene families. To explore the use of transcriptomic data available in public domain to predict functionally equivalent orthologs, we collected genome wide expression data in mouse and rat liver from over 1500 experiments with varied treatments. We used a hyper-graph clustering method to identify clusters of orthologous genes co-expressed in both mouse and rat. We validated these clusters by analysing expression profiles in each species separately, and demonstrating a high overlap. We then focused on genes in 18 homology groups with one-to-many or many-to-many relationships between two species, to discriminate between functionally equivalent and non-equivalent orthologs.
information improves gene network reconstruction [13] . 3.1. Identification of variable genes across datasets 126 We downloaded 920 and 620 experiments for gene expression data in 127 rat and mouse liver from the GEO database. We firstly normalised the 128 data using lower quartile trimming (supplementary figure 1, C and D) and 129 quantile normalization (supplementary figure 1, E and F) independently for 130 each species. We then selected the probes with dynamic expression across effects from biological differences.
166
Given that mouse and rat probes formed two major clusters anti-correlated 167 with each other despite diverse experimental set ups in each species, we inves-168 tigated whether the mouse and rat probe clusters were composed of probes 169 measuring similar genes ( figure 2E ). We calculated the overlap between genes 170 in each cluster in mouse with genes in each cluster in rat. Cluster 2 in mouse 171 (golden color, figure2A) and cluster 2 in rat (golden color, figure 2B ) showed 172 a very high overlap with the highest Jaccard index across all clusters. Neither 173 mouse cluster 2 nor rat cluster 2 were enriched for any gene ontology term 174 or reactome pathways, when using the set of variable probes as background.
175
Most clusters did not show a very high genes overlap across species, though 176 the functional enrichment analysis were suggestive that observed gene vari-177 ations reflected differences in the liver physiology. Specifically, cluster 1 in 178 mouse (claret red color, figure 2A ) was enriched for generation of precursor 179 metabolites and energy (adjusted P value ≤ 10 −6 ), steroid metabolic process 180 (adjusted P value ≤ 0.001), fatty acid metabolic process (adjusted P value 181 ≤ 0.001), and Cytochrome P450 -arranged by substrate type (adjusted P 182 value ≤ 10 −6 ). Cluster 3 in mouse (green color) was enriched for arachi-183 donic acid metabolic process (adjusted P value ≤ 0.01), icosanoid metabolic process (adjusted P value ≤ 0.05), fatty acid derivative metabolic process 
Discussion

248
Here we have shown that transcriptomic data can be used to help pre-249 dict functionally orthologous genes, using co-expression networks built from 250 mouse and rat liver samples. We identified 18 complex homologous groups 251 (i.e. with paralogs in at least one of the species), including 54 genes in mouse 252 and 46 genes in rat, with at least one gene in mouse and one gene in rat in 253 the same SCHype cluster(s). Lowering the correlation threshold and the 254 standard deviation threshold will likely increase the number of homologous 255 groups, potentially with a higher false positive rate. In this study, we fo- other tissues might lead to co-expressed gene networks of many more genes, 258 but they may lack the fine resolution that is needed to improve functional 259 annotation inference due to lack of a tissue specific context. We used microar-260 ray data in this study as it is by far the most abundant dataset. However, 261 consortia like GTEx [21] have generated large amount of RNA sequencing 262 data, and we envisage application of the method described here to RNA se-263 quencing data in the future. The greater sensitivity of RNA sequencing over 264 microarray [22] might allow the identification of more co-expressed genes. experiments from series did not cluster together in SCHype clusters. We 272 applied various approaches but could not identify the biological origin(s) of 273 the observed variations. This is in part due to the lack of standardised ex-274 periment metadata fields in GEO (not all datasets even had a strain or a sex 275 information, for example), and the lack of controlled vocabulary used to de-276 scribe experiments. It is a possibility that better annotation of the metadata 277 would have allowed the identification of critical confounding factors.
278
SCHype clustering was able to find some known as well as some yet to 279 be experimentally validated orthologous functional relationships. For exam-280 ple, only mouse and rat Ccnb1 where in the same SCHype cluster, and not 281 Gm5593. While mouse Ccnb1 and rat Ccnb1 are annotated as protein coding 282 genes, Gm5593 in mouse is annotated as a processed pseudogene [20] . 283 Finally, we note that co-expression of orthologous genes is not a valida-284 tion of shared functionality, but it can be used as another source of evidence.
285
While protein-protein interaction networks could be used for the same aim, 286 transcriptomic data are more easily generated and therefore widely available 287 for many species. Thus the method described here shows a promise to en-288 hance functional gene annotation transfer across species. It can provide an 289 experimental support for one-to-one ortholog annotation transfer, and can 290 help identify functionally similar and non similar orthologs in one-to-many 291 and many-to-many orthology groups. 
